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Abstract The actual effectiveness of employment promotion policies depends
on the ability of the intervention at creating new jobs in the targeted sector,
but also, to a large extent, on the impact they have on other parts of the
local economy. Estimating the latter effect is therefore quite important for
regional economic development policies. Along the lines of Moretti (2010), we
present an empirical analysis of local employment multipliers using data on
123 U.S. Metropolitan Statistical Areas over the period 1980-2010. From the
methodological point of view, in this work not only endogeneity (via instru-
mental variables estimates), but also spatial spillovers are taken into account.
According to the results, the magnitude of the multiplier could be rather lim-
ited. On the other hand, there is clear indication that the impact of these
interventions is not fully contained within the local economy and they have a
positive effect on closely surrounding ones.
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1 Introduction
State and local governments employ large amounts of public funds in economic
development policies aimed at attracting and fostering new economic activities
or at retaining existing ones. The outcomes of these efforts could be new
or more stable jobs, higher income and wealth and an improved tax base.
Indeed, it appears that job creation has actually represented the primary goal
sought after by policy makers (Eberts, 2005) possibly because this may also
lead to fiscal benefits in the form of an increase of tax revenue net of public
expenditure. In fact, due to multiplier effects, the total increase in local jobs
can be greater than the increase in jobs in assisted businesses when these
businesses produce tradable goods. For this reason, most of local development
interventions are actually targeted to the tradable sector.
In the U.S., a precise account of the total amount of resources involved in
these activities is almost an impossible task given the large number of agencies
involved and the even larger number of policies being implemented. However,
a survey of state-funded programs conducted in 1998 (Poole et al. 1999), cal-
culated that the states allocated approximately $4.6 billion in tax incentive
programs and $6.3 billion in non-tax incentives. This figure excludes tax and
other financial incentives, as well as job training and infrastructure incentives
provided by local (sub-state) governments; it also excludes local development
efforts carried out under the leadership of non-governmental organizations.
Eberts (2005) reports an overall estimate of $30 billion a year devoted to local
development initiatives through direct and indirect funds which implies more
than $2,000 per targeted job.
To quantify the multiplier effect, Moretti (2010) suggests a method based
on a regression framework. Despite its simplicity, this method appears to repre-
sent a valid alternative to the traditional one, i.e. local Input-Output analysis,
as it allows for offsetting general equilibrium effects. However, one element
that is totally overlooked in its practical implementation is the role of spa-
tial spillovers. To address this, here we justify and employ a straight-forward
extension of Moretti’s specification in which a spatial lag of the explanatory
variable is introduced.
The structure of the paper is as follows. In Section 2 the theoretical and
empirical frameworks for the estimate of the local nontradable multiplier are
presented; Section 3 reports the results of the empirical analysis and Section
4 concludes.
2 Theoretical and Empirical Framework
In a recent paper, Moretti (2010) proposes a simple methodology to assess the
effectiveness of local development interventions in creating new jobs. The theo-
retical framework that underlies the empirical analysis builds on the traditional
general equilibrium setting by Rosen (1979) and Roback (1982). However, dif-
ferently from the original Rosen-Roback set-up, in Moretti’s framework local
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shocks to local labor markets are not necessarily fully capitalized in the price
of land as the local supply of labor is not necessarily infinitely elastic and the
local housing supply is not necessarily perfectly inelastic (see also Moretti,
2011). More specifically, a positive shock to the labor demand of an industry
within the tradable sector of a given city produces an effect on the employment
of the nonstradable sector that depends
– positively, on the magnitude of the resulting increase in the city budget
constraint that, in turn, depends directly on consumer preferences for non-
tradables, on the degree of labor intensity in the nontradable sector and
on the average skill of the jobs created in the tradable sector;
– negatively, on the extent of general equilibrium effects on wages and prices
which depend, in turn, on housing and local labor supply elasticities: the
lower these elasticities,1 the larger the crowding out effect to other indus-
tries in the tradable sector due to the local increase in housing and labor
costs.
Within this framework, therefore, the local nontradable multiplier in a city is
the net effect of these two sources of variation.
To get an indication of the size of the multiplier, Moretti (2010) estimates
the elasticity of nontradable employment with respect to tradable via the
following regression model using data for U.S. cities over the period 1980-2000:
∆NNTat = α+ β∆N
T
at + uat (1)
where ∆NNTat and ∆N
T
at are, respectively, the change in the log number of
jobs in the nontradable and tradable sector in city a and uat is a vector of
innovations assumed to be independent and identically distributed. Since the
sample includes two observations per city, one for each decade in the analyzed
period, Moretti also includes a dummy variable for the second decade. To
obtain a measure of how many jobs are created in the nontradable sector
for each additional job in the tradable sector, the estimated elasticity is then
multiplied by the sample ratio between nontradable and tradable jobs:
job per jobat = βˆ ×
NNTat
NTat
One particularly appealing feature of this approach is that the exogenous
variation is directly attributed to the tradable sector which is the one that
attracts most of the local development initiatives (de Blasio and Menon, 2011).
More generally, as emphasized by Moretti himself, this approach represents a
simple but valid alternative to the traditional methodology, local Input-Output
analysis, that tends to overlook the employment effect for nontradables as well
as the offsetting general equilibrium effects.
1 The elasticity of housing supply depends on geography and land use regulations. The
elasticity of local labor depends on the residents’ tastes for leisure, the local pool of unem-
ployment and the degree of labor mobility across cities.
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There are however two potentially critical issues. The first is represented
by a possible inverse causation of the variables in the regression that, in turn,
implies endogeneity. Moretti (2010) treats this by adopting the instrumental
variables estimator (IV) where the instrument is represented by the potential
growth rate that each city would have experienced had its economic sub-
sectors grown at the corresponding national average growth rate. This type of
instrument is rather commonly employed since Bartik (1991). Following this
strategy, the author finds that an additional job in the tradable sector leads
to 2.77 (OLS) or 1.59 (IV) jobs in the nontradable one.
The second critical issue arises from spatial spillovers. In his empirical set-
up, Moretti analyzes the direct effect of a change of tradable employment in one
city on the change in nontradable employment in the same city thus implicitly
assuming that each city is completely isolated from the rest of the economy.
This assumption, however, appears overly restrictive. Indeed, an examination
of the theoretical framework sketched above clearly suggests the existence of
spillover effects among spatial units.
To clarify this aspect, assume that a local multiplier actually exists and
consider a policy shock that occurs in the labor market of city a and generates
new jobs in the local tradable sector. Two types of spatial spillover effects
might manifest:
– first, a share of these new jobs is taken up by people that migrate (or com-
mute) from near-by cities, thus producing an impact on the labor markets
of origin. From the viewpoint of the latter labor markets, this represents
a shock which might have a negative impact on employment in the corre-
sponding nontradable sectors. The size of this impact is likely to fade quite
rapidly with the distance between the cities and, given distance, depends
on some of the factors mentioned above: the average skill of the jobs cre-
ated in city a as well as on housing and local labor supply elasticities in
all locations;
– second, the increase in the budget constraint of city a leads to an increase
in the demand of nontradable goods from its residents. If obstacles to
tradability of nontradables goods is less than absolute, then part of this
demand increase will benefit producers in near-by cities.
The sign and size of the overall effect felt in a neighboring city b originated
from the shock in the tradable sector of city a is very difficult to establish the-
oretically being the net result of complex forces pushing in opposite directions.
Nonetheless, three aspects must be emphasized:
i. whatever its net magnitude, this effect originates from the shock in the
tradable sector of city a;
ii. given the nature of the interactions across cities, the magnitude of this
effect is inversely related to the distance between a and b and possibily
vanishes as distance exceeds some threshold measure;
iii. if the employment increase in the tradable sector of a has a direct effect
on the level of employment in the nontradable sector of b (either because
nontradable workers in b decide to take up newly created jobs in a or
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because part of the increased demand for goods in a is actually met by
an increased production of nontradables in b), the estimated size of the
coefficient β in (1) might be biased.
In sum, it should be clear that any empirical scrutiny of the size of the
local multiplier should resort to a spatial econometric specification. Given the
discussion on the specific nature of the spatial spillovers and, in particular,
the first of the three aspects just emphasized, we focus on a straight-forward
extension of (1) in which a spatial lag of the explanatory variable is introduced.
Adopting the notation used in LeSage and Pace (2009), this is known as the
SLX model:
∆NNTat = α+ β∆N
T
at + β
′
n∑
j=1
waj∆N
NT
jt + uat (2)
where waj are elements of a spatial-weighting matrix, W , providing a descrip-
tion of the interactions between spatial units. The magnitude of a local multi-
plier effect can then be established from the coefficient estimate of the nonspa-
tial explanatory variable, βˆ, while the relevance of spatial spillover effects is
established by the coefficient estimate of the spatially lagged explanatory vari-
able, βˆ′. In addition to its simplicity, a further particularly appealing feature of
the SLX model in the present context is that, differently from more commonly
used spatial specifications such as the SAR (spatial autoregressive) and SAC
(spatial autoregressive combined) models, it imposes no prior restrictions in
the ratio between the types of effect (Vega and Elhorst, 2015).
To estimate (2), we use a parameterized distance based weights matrix
instead of one based on contingency. In particular, we employ a simple inverse
distance matrix with a threshold
wij =
{
1
dγ
ij
0 ≤ dij ≤ d
0 dij > d
where dij denotes the distance between observations i and j, d is a distance
threshold while γ, the distance decay parameter, is estimated using a nonlinear
estimation technique as suggested by Vega and Elhorst (2015).2 By estimating
the parameter γ, rather than imposing it beforehand, the approach suggested
by Vega and Elhorst is capable of providing information on the way spatial
interactions fade as the distance between units increases.
As for the scaling of the elements of W , Vega and Elhorst stress that row-
normalizing weights based on inverse distance causes their economic interpre-
tation in terms of distance decay to no longer be valid (Vega and Elhorst, 2015:
356–357; but also Anselin, 1988: 23–24). Therefore, here we opt for a minmax-
normalized matrix (Kelejian and Prucha, 2010: 56) obtained by dividing each
2 Details on this technique can be found in Vega and Elhorst (2015). We thank the authors
for providing the MATLAB routine.
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element wij by
τ = min
maxi
n∑
j=1
wij ,maxj
n∑
i=1
wij
 .
3 Empirical Analysis
The period covered in the analysis runs from 1980 to 2010. Employment data
are estimated using the 5 percent samples from federal census data for 1980
and using the 1 percent samples from the American Community Survey for
2010 obtained from the Integrated Public Use Microdata Series (Ruggles et
al. 2010). We pay particular attention to the distinction between tradable and
non tradable sectors: rather that adopting the traditional classification that
identifies tradable industries with manufacturing, we use the two-digit NAICS
code classification provided by Hufbauer and Vieiro (2013) following the ap-
proach developed by Jensen and Kletzer (2005). According to this approach,
when production is concentrated at a distance from consumption within the
U.S., as inferable from a locational Gini coefficient exceeding 0.1, the activity
is classified as tradable.3
To isolate exogenous shifts in the demand for labor in the tradable sec-
tor, we use a variation of the instrument suggested by Moretti (2010), i.e. a
weighted average of statewide employment growth by 84 industries (classified
according to the 1990 Census Bureau industrial classification scheme) within
the tradable sector, with weights reflecting their location-specific employment
share in 1980. While Moretti (2010) employs nationwide counterfactual trad-
able employment growth, we opt for statewise growth because the type of
policy interventions considered here are at times implemented at the State
level; in addition, the timing of business cycles differs substantially across
States (Magrini et al. 2015).
As for the choice of the territorial unit of the analysis we opt for the
metropolitan area. In a recent paper, Arbia and Petrarca (2011) analyze the ef-
fects of the Modifiable Areal Unit Problem (MAUP)4 (Gehlke and Biehl, 1934;
Openshaw and Taylor, 1979; Openshaw, 1984; Arbia, 1989) on linear spatial
econometric models. More specifically, they confirm the loss in efficiency of the
parameters’ estimates due to aggregation (e.g. different partitions of a terri-
tory at a given scale). Among the practical ways to address the MAUP, Arbia
(2001) suggests the use of units characterized by “significant boundaries” from
3 Since data in the Integrated Public Use Microdata Series are originally classified ac-
cording to the 1990 Census Bureau industrial classification scheme, we mapped them into
the two-digit NAICS code classification using industry code crosswalks provided by the US
Census Bureau. As in Moretti (2010) we exclude agriculture, mining, government and the
military.
4 The MAUP relates to the fact that imposing artificial boundaries on a continuous geo-
graphical phenomenon generates artificial spatial patterns and the spatial patterns generated
at different spatial scales or with different aggregation criteria differ from each other.
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Table 1 Regression Results and Local Multipliers
non-spatial SLX SLX
IV fixed-effects IV IV
β 0.618 0.573 0.629
p-value 0.000 0.000 0.000
β′ 0.221 0.136
p-value 0.059 0.018
γ 1.185 0.979
p-value 0.000 0.000
job-per-job 0.53 0.49 0.54
Endogeneity (Durbin) test 16.126 16.080 14.486
p-value 0.000 0.000 0.000
Endogeneity (Wu-Hausman) test 16.635 14.832
p-value 0.000 0.000
Underidentification (Anderson) test 94.358 39.313 97.505
p-value 0.000 0.000 0.000
Weak identification (Cragg-Donald) test 125.403 22.92 65.185
2SLS size of nominal 5% Wald test 10% 16.38 19.93 19.93
15% 8.96 11.59 11.59
20% 6.66 8.75 8.75
Overidentification (Sargan) test 0.637 0.044
p-value 0.425 0.833
Joint F test for fixed-effects 0.660
p-value 0.995
Notes: All models include time-specific fixed effects. Estimates are produced using MATLAB and
STATA. The dataset, the MATLAB routines for the estimation of γ and the STATA code for
estimates and tests will be made available at the web site of the second author.
an economic standpoint. Hence, we choose the metropolitan area given that
this is considered the most appropriate in approximating the boundaries of a
local labor market, i.e. the basic spatial unit where the policy interventions
should deploy their effects. Due to limitations in the availability of data on
employment at the level of disaggregation required for the construction of the
instrument, we are however forced to restrict the analysis to a subset of 123
Metropolitan Statistical Areas. A map with the location of the selected MSAs
in displayed in Figure 1.
We produce two sets of estimates which are reported in Table 1. First, we
conduct a traditional, non-spatial IV analysis using statewide counterfactual
growth of tradable employment as an instrument. The estimated elasticity of
nontradable employment with respect to tradable employment is equal 0.618
and indicates that a ten percent increase in the number of tradable jobs in a
metropolitan area is associated with a 6.2 percent increase the local nontrad-
able sector. Given that, over the analyzed period, there are approximately 0.86
nontradable jobs for each tradable job in our dataset, the IV estimate implies
that, for each additional job in the tradable sectors in a given metropolitan
area, 0.53 jobs are created in the corresponding nontradable sector; this is
indeed a much lower value than the corresponding one (1.59) reported by
Moretti.
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Then, we proceed with the SLX estimates. The first specification includes
MSA-specific fixed effects (in addition to the usual time-specific fixed effects)
to control for the possible role of location specific characteristics: geography
and land use regulations might affect the elasticity of housing supply while
and residents’ tastes for leisure and location might affect the elasticity of local
labor supply. As instruments, we use statewide counterfactual growth of trad-
able employment and its spatial lag. The estimated elasticity of nontradable
employment with respect to tradable employment is now equal 0.573, implying
that, for each additional job in the tradable sectors, 0.49 jobs are created in
the corresponding nontradable sector. In addition, the estimate of the distance
decay parameter is 1.185 and highly significant while and the spillover effect is
positive with an elasticity of 0.221 and marginally significant (p-level = 0.06).
The interpretation of this latter estimate is that a positive increase in tradable
sector employment in a metropolitan area leads to increased nontradable em-
ployment in neighboring areas. However, a joint F-test clearly cannot reject
the null hypothesis that all of the location fixed effect intercepts are zero so
our final specification excludes them. In this case, the elasticity of nontradable
employment with respect to tradable is 0.629 suggesting that 0.54 nontradable
jobs are created for each additional job in the tradable sector. The estimated
distance decay parameter is very close to 1 (0.979) and highly significant, and
the spillover effect is positive (0.136) and significant.5 Reported diagnostics
confirm that the growth rate of tradable employment is indeed endogenous
and reassure about the validity and strength of the instruments.
4 Conclusions
The purpose of this work is to investigate the effect of employment promotion
policies in the United States. In general, this effect depends on the ability
of the intervention at creating new jobs in the targeted area, but also, to
a large extent, on the impact they have on other parts of the local economy.
Estimating the latter component of the local multiplier, is therefore, important
for regional economic development policies.
To establish the size of the local nontradable multiplier we have employed
data on employment by narrowly defined industries for 123 U.S. metropolitan
areas between 1980 and 2010, paying particular attention to the distinction
between tradable and non tradable sectors.
From the methodological point of view, in this work not only endogene-
ity (via instrumental variables estimates), but also spatial spillovers are taken
into account. In particular, on the basis a simple theoretical framework we
have concentrated on a SLX specification in which, following Vega and El-
horst (2015), the distance decay parameter of a parametrized distance based
W matrix is estimated using a nonlinear estimation technique rather than
5 We have also estimated the same model using a W matrix with no threshold. Results are
analogous but the spillover effect becomes slightly weaker (0.0930 with a p-level of 0.069).
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imposed beforehand. According to our estimates, the magnitude of the multi-
plier is rather limited and certainly much smaller than the value reported by
Moretti (2010). In addition, the estimated distance decay parameter is very
close to 1 (0.979) and highly significant while spatial spillovers appear to affect
positively and significantly employment growth in nontradable sectors.
Acknowledgements We gratefully acknowledge two anonymous referees for their insight-
ful comments and constructive suggestions that have helped to significantly improve this
work. Needless to say, all errors and remaining infelicities of style are our own responsibility.
Fig. 1 Map of MSAs included in the analysis
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